Abstract-Multi-temporal LiDAR digital terrain models (DTMs) are used for the development and testing of a method for geomorphological change analysis in western Austria. Point data from two airborne LiDAR campaigns of 2003 and 2011 were filtered and interpolated into two 2m DTMs. Seven geomorphological features were mapped by using stratified object-based image analysis (OBIA) using terrain properties derived from the DTMs. Segmentation parameters and classification rules were set and applied to both data sets which allowed analysis of geomorphological change between 2003 and 2011. Volumetric change was calculated and summarized by their landform category. The multi-temporal landform classifications show where landforms changed into other landforms as the result of geomorphological process activity. However, differences in point densities and lack of data points below dense forest hindered accurate geomorphological change detection in these areas. When challenges related to interpolation techniques are tackled, stratified OBIA of multitemporal LiDAR data sets is a promising tool for geomorphological change detection, and affiliated applications such as monitoring risk and natural hazards, rate of change analyses, and vulnerability assessments.
I. INTRODUCTION

M
APPING and quantifying geomorphological change are valuable tools for many applications related to erosion and landscape development. Assessing the amount and rate of geomorphological change can be challenging due to lack of field data and quantitative measurements. Yet, developments in airborne altimetry technology such as Unmanned or Kite Areal Photogrammetry [1] , and airborne laser scanning [2] promote the generation of multi-temporal digital elevation or terrain models (DEMs/DTMs), which can potentially be used as source for the analysis and quantification of geomorphological change [3] , [4] .
Earlier studies have used DEMs/DTMs and spectral data for the analysis of topographic and geomorphological change, especially in domains of river and coastal dynamics (e.g., [5] ) and landslide activity [6] , [7] . Topographic change is summarized and visualized by differences between elevation or spectral values. The interpretation of topographic change and the effect to landscape dynamics is done afterward.
Object-based image analysis (OBIA) has been used for the delineation and classifications of landforms [8] with both highresolution imagery and DTMs [9] . Recent research focus on automating OBIA parameterization [10] - [12] and creating signature libraries [13] for specific geomorphological features on the basis of segmentation and classification parameters.
OBIA is a potential tool to also visualize and detect change. For example Lu et al. [14] used OBIA in combination with multi-temporal optical imagery for mapping landslides and Walter [15] used OBIA for the detection of land cover changes. Listner and Niemeyer [16] also used optical imagery but to indicate areas with "change" and "no change." Change detection using OBIA in combination with multi-temporal digital elevation data has not been done before. If multi-temporal elevation data is used with automated whole-landscape geomorphological mapping, we could, potentially, clearly visualize and calculate landform dynamics over time.
The aim of this letter is to test object-based segmentation and classification on a multi-temporal airborne LiDAR data set and to detect geomorphological change in a mountainous area.
II. STUDY AREA
Part of a hillslope was selected in the Gargellen Valley, in the State of Vorarlberg, western Austrian Alps. The geology of the area comprises formations composed of ortho-and paraschists, amphibolites and micaschists that are part of the crystalline Silvretta nappe. This crystalline nappe was dragged over East Alpine sedimentary series during alpine orogenesis which resulted in severe tectonic deformation and weakening of rock strength. In addition, intense and repeated glacial erosion during the Pleistocene has resulted in steepening of slopes. This has triggered tensional rebound, which accelerated a variety of geomorphological processes such as rock slides, rock fall and fluvial erosion, carving deeply into the disintegrated and weathered bedrock [17] . Previous work in this area suggested a heavy rainfall event in August 2005 triggered high geomorphological activity [18] 
III. METHODS
A. LiDAR Data Processing
Two LiDAR data sets were acquired in August 2003 and May 2011. The 2003 data set was flown at an average of 1000 m altitude at 70 m s −1 . Pulse rate was 50 kHz and scan frequency 30 Hz. The 2011 data set was part of a larger data set for which detailed specifications were not available at the time of writing. For the 2011 data set similar flight altitude/speed is expected with slightly improved LiDAR specifications.
The mesh of (x, y, z) points was georeferenced and projected in the local Gauß Kruger projection (zone M28). The (x, y, z) points of the LiDAR flight strips were classified to ground points and non-ground points based on linear prediction [19] . This approach iteratively interpolates a surface through the point cloud and calculates the residuals of the points relative to the surface. Based on the residuals weights are assigned to the points for the surface interpolation in the subsequent iteration. With each iteration the interpolated surface lowers until, theoretically, the ground surface is reached (Fig. 1) . The interpolation uses an Inverse Distance Weighting function written in the python programming language. The filtering and interpolation procedures require parameters that influence the weight assignment of the points [19] , [20] which have been manually determined after visual inspection; i.e., the search radius (501 points) and weight criteria for IDW interpolation. For the latter we used parameter settings as described by Kraus and Pfeiffer [19] .
Different interpolation methods may greatly affect DTM accuracy [2] , which, obviously, also influences the accuracy of change detection results. A careful procedure of LiDAR data reduction, and selection of interpolation technique and their parameters are therefore required. For more information on interpolation techniques and the effect to DTM accuracy Chaplot et al. [21] and Liu [2] are referred.
Various terrain properties or "Land Surface Parameters" (LSPs) were calculated based on the 2003 and 2011 DTMs, such as slope angle, shaded relief, and two relative elevation and topographic openness layers [22] , both measured with a 25 × 25 m moving window (REL25 and TO25) and 250 × 250 m moving window (REL250 and TO250). Also, upstream area was calculated based on the D8 method [23] . The slope angle and both openness layers were combined into a Red, Green, and Blue (RGB) LSP composite layer. This selection of LSPs was considered because slope angle is a key parameter for many geomorphological processes, and topographic openness clearly visualizes landform boundaries. The two openness layers represent topographic variation and landform boundaries at two different scale levels. The LSP composite therefore visualizes both short range and larger range topographic variation. The LSP composite was found very useful in the identification of geomorphological features and their boundaries.
B. Object-Based Feature Classification and Extraction
An inventory of available geomorphological features was composed based on LiDAR LSP composites [11] , [24] shaded relief maps, multi-temporal orthorectified airphotos (ranging from the 1950s to 2010) and prior field experience. The geomorphological features were categorized based on an existing morphogenetic classification scheme developed by Seijmonsbergen et al. [25] . Aside from the main channel and smaller adjacent streams, seven geomorphological feature classes were differentiated: 1) glacially eroded bedrock, 2) fluvial incisions, 3) recent fluvial deposits, 4) fluvial terraces, 5) alluvial fans, 6) slopes subject to shallow mass movement processes, and 7) flow/slide deposits.
Geomorphological features were semi-automatically identified based on a stratified feature extraction approach [11] using the commercially available software eCognition. The multiresolution segmentation algorithm [26] was used to cluster grid cells into objects. This segmentation algorithm requires parameters that include the size and shape of the generated objects. The shape parameters range from 0 to 1 and determine the degree to which gridded data sets influence the segmentation results. We applied default shape parameter values (0.1, i.e., low impact of shape properties) to give a strong weight to the underlying gridded layers to the segmentation outcome. The scale parameter (SP) controls the size of the objects being created. Earlier research [11] showed that each geomorphological feature type may have different optimal scale parameter values. By using only one scale parameter in a classification, the larger objects are prone to oversegmentation, and smaller features are lost in surrounding objects. Scale parameters were selected by visual inspection of the results. Hydrological features such as small streams require relatively small objects, hence we selected a relatively small scale parameter value of 5. Other geomorphological features are generally larger; a scale parameter of 40 was used for the segmentation of geomorphological features. The topographic openness (TO250) LSP and slope angle were used as input layers for the segmentation of all geomorphological features. Earlier studies [11] , [24] showed that the combination of slope and openness (TO251) values provide a good basis for the delineation of landforms, and, thus, for the generation of objects that will be classified in a subsequent step. Geomorphological descriptions of the landforms were translated into object-based LSP and shape characteristics (Table I) . Both data sets were segmented and classification rules were applied to sequentially extract geomorphological features. This means that objects are segmented and classified in order to extract a single geomorphological feature type; in a subsequent iteration only unclassified objects are resegmented (if necessary) and classified to extract the next feature type of interest. The same extraction sequence and related parameters were applied to both the 2003 and 2011 data sets. Both classifications were evaluated with 100 random points which have been manually classified on the basis of the LSP composite layers and available multi-temporal orthorectified images. User's and producer's accuracies [27] were calculated to estimate classification accuracy.
C. Feature-Based Change Analysis
Geomorphological change is assumed to coincide with topographic change, resulting in different elevation and LSP values after a sudden event of large magnitude. Different LSP values and spatial patterns may result in different segmentations and, if the change is large enough, also in different classifications. The two classifications are compared to assess the geomorphological change in the area. Post-classification analyses included the calculation of volumetric change by subtracting the 2003 DTM from the 2011, of which quantities were summarized per geomorphological unit.
IV. RESULTS AND DISCUSSION
A. LiDAR Point Processing
The 2003 data set had an average point density of 0.8 ground points/m 2 throughout the entire area, reaching approximately 6 ground points/m 2 in non-vegetated areas. The 2011 data set had an average point density of 7.5 ground points/m 2 , with a maximum of 26 ground points/m 2 below the same non-vegetated areas. In the 2011 data set, slightly more non-ground points were identified in densely forested areas when compared to the 2003 data set. However, both data sets included very few (approximately 0.1 points/m 2 ) ground points below dense forest vegetation, see white patches in Fig. 1 -top-right. DTMs with a 2 m spatial resolution were created and were found detailed enough to capture subtle topographic variations and small landforms. The point densities in non-vegetated areas were high enough to create finer resolution DTMs. However, in densely vegetated areas point densities drastically decreased and visual inspection showed better results with 2 m spatial resolution. The shaded relief maps in Fig. 2 show that still some trees are present as small bumps in the DTMs. A manual check and removal of left-over non-ground points is required to remove final artifacts. Different point densities lead to different accuracies of DTMs and derived terrain attributes [28] . Especially near sharp breaks of slope such as fluvial incision, the 2003 interpolation produced much smoother slopes compared to the 2011 interpolation (see differences in shaded relief maps in Fig. 2 ). In addition, interpolation results depend on the parameter settings of the processing algorithm. In order to improve the quality of the DTMs it is required to 1) calculate an error distribution throughout both DTMs, and 2) further test the effect of parameter settings to interpolation results with respect to different point densities and landform classifications.
Before any spatially explicit and quantitative change can be calculated, issues related to DTM accuracy (e.g., best interpolation technique, generation of breaklines, spatial distribution of error) need to be solved [2] .
B. Classifications
The segmentation parameters and classification rules applied to both LiDAR DTMs are listed for each geomorphological feature type in Table I. The table also shows the order in which features are extracted, i.e., fluvial landforms first, followed by landforms related to mass-movement. The final classification results of the geomorphological features based on the 2011 data is presented in Fig. 2 , and the small insets show the classifications using the 2003 and 2011 data sets.
Classification accuracies range from very good (e.g., glacially eroded bedrock and shallow mass movement features) to very poor (e.g., fluvial terraces and flow/slide deposits), see also Table II . Higher classification accuracies are found with the 2011 data set. Improving DTM interpolations by introducing breaklines and further development of classification rules will likely increase classification accuracies.
C. Change Detection
The DTMs from 2003 and 2011 produced different LSPs that were used as input in the segmentation and classification. Fig. 2 suggest geomorphological activity. A further development of fluvial incision results in connected channels and a larger drainage network. At the footslope flow/slide sediments seem to have deposited on top of earlier alluvial fan deposits (right) or have been removed (shallow mass movement replaces flow/slide deposits in the left side) as an effect of undercutting by the main river. Both classifications also suggest deposition of fluvial deposits along the main channel (bottom). In the upper section of the hillslope features are classified as shallow mass movement, eroded bedrock, fluvial incisions, and occasionally flow/slide deposits-interpretations related to flow/slide deposits should be considered with care because of the low classification accuracies. Most changes reflect the transition from shallow mass movement features toward fluvial incision features, thus potential further development of erosion. It should be noted that the amount of change may not be proportional to the time frame in which such change would normally occur, and some amount of change may be the effect of different point densities in the data set. Estimations of vertical accuracies of the DTMs enables insight to which degree topographic change can be attributed to geomorphological activity and to DTM error.
Future research is therefore recommended to carefully assess DTM accuracy. Fig. 3 shows the volumetric change summarized for each geomorphological feature at the top (Fig. 3, left) and bottom (Fig. 3, right) of the hillslope. Negative values could be attributed to numerous small bank failures that occurred along the slopes of fluvial incisions or slope failures along the steeper backscarps located on the upper steep slopes. Positive changes would reflect sediment, derived from upper landslide areas, which has transported and deposited near a distinct break in slope, occurring in most channels halfway to the main valley floor, and which probably occurred after heavy rainfall in August 2005 [18] .
V. CONCLUSION
Object-based analysis of multi-temporal LiDAR DTMs provides a reproducible framework to repeat landform classifications, and analyze change detection. The presented methods are based on segmentation parameters and classification rule sets which can be applied to a multi-temporal data set of the same area. While current geomorphological change detection methods mainly focus on subtraction of multi-temporal DTMs for specific geomorphological activity, and change interpretation afterward, our OBIA approach include "FROM-TO" changes as well as volumetric changes per geomorphological category, and in whole landscapes. However, the quality of the results is highly dependent on the quality of the input data. Investment in the accurate LiDAR point processing and DTM generation will lead to better classifications and more accurate change estimates. Yet, we see great potential of multi-temporal landform classifications for many monitoring applications in hazard and risk studies, rate of change analyses and vulnerability assessments.
